Introduction
This chapter describes the implementation of ANN for real and reactive power transfer allocation. The 25 bus equivalent power system of south Malaysia region and IEEE 118 bus system are used to demonstrate the applicability of the ANN output compared to that of the Modified Nodal Equations (MNE) which is used as trainers for real and reactive power allocation. The basic idea is to use supervised learning paradigm to train the ANN. Then the descriptions of inputs and outputs of the training data for the ANN are easily obtained from the load flow results and each method used as teachers respectively. The proposed ANN based method provides promising results in terms of accuracy and computation time. Artificial intelligence has been proven to be able to solve complex processes in deregulated power system such as loss allocation. So, it can be expected that the developed methodology will further contribute in improving the computation time of transmission usage allocation for deregulated system.
Importance of deregulation
Deregulated power systems unbundles the generation, transmission, distribution and retail activities, which are traditionally performed by vertically integrated utilities. Consequently different pricing policies will exist between different companies. With the separate pricing of generation, transmission and distribution, it is necessary to find the capacity usage of different transaction happening at the same time so that a fair use-of-transmission-system charge can be given to individual customer separately. Then the transparency in the operation of deregulated power systems can be achieved. In addition, the capacity usage is another application for transmission congestion management. For that reason the power produced by each generator and consumed by each load through the network should be trace in order to have acceptable solution in a fair deregulated power system. In Malaysian scenario the future electricity sector will be highly motivated to be liberalized, i.e. deregulated. Thus the proposed methodology is expected to contribute significantly to the development of the local deregulated power system. Promising test results were obtained from the extensive case studies conducted for several systems. These results shall bring about some differences from those based on other methods as different view-points and approaches may end up with different results. This chapter is offering the solution by an alternative method with better computational time and acceptable accuracy. These findings bring a new perspective on the subject of how to improve the conventional real power allocation methods. A technically sound approach, to determine the real power output of individual generators, is proposed. This method is based on current operating point computed by the usual laod flow code and basic equations governing the load flow in the network. The proposed MNE method has also been extended to reactive power allocation. The simulation results have also shown that of reactive power supply and reception in a pow e r s y s t e m i s i n c o n f o r m i t y w i t h a g i v e n operating point. The study results and analysis suggest that, the proposed MNE Method overcome problems arising in the conventional reactive allocation algorithms. From these two methods, the calculations results might bring about some differences because of the deviation in the concept applied by the proposed method. For example the proposed methods use each load current as a function of individual generators' current and voltage. This is different from the Chu's Method (Chu & Liao, 2004) , where each load voltage is represented as a function of individual generators' voltage only. The proposed MNE Method for reactive power allocation is enhanced by utilizing ANN. When the performances of the developed ANN are investigated, it can be concluded that the developed ANN is more reliable and computationally faster than that of the MNE Method. Furthermore, the developed algorithms and tools for the proposed techniques have been used to investigate the actual 25 bus system of South Malaysia. The proposed methods have so far been focused on the viewpoint of suppliers. It is also very useful to develop and test the allocation procedures from the perspective of consumers. Both MNE Method and Chu's Method are equally suitable for modification in this respect. Additionally, this technique requires handling of future expansions into an ANN structure to make it a universal structure. Moreover adaptation of appropriate ANN architecture for the large real life test system is expected to deliver a considerable efficiency in computation time, especially during training processes. It may be a future work to analyze the performance of the algorithm for every change in the network topology.
Modified nodal equations method
The derivation, to decompose the load real powers into components contributed by specific generators starts with basic equations of load flow. Applying Kirchhoff's law to each node of the power network leads to the equations, which can be written in a matrix form as in equation (1) (Reta & Vargas, 2001 ):
(1) where:
V: is a vector of all node voltages in the system I: is a vector of all node currents in the system Y: is the Y-bus admittance matrix The nodal admittance matrix of the typical power system is large and sparse, therefore it can be partitioned in a systematic way. Considering a system in which there are G generator nodes that participate in selling power and remaining L= n-G nodes as loads, then it is possible to re-write equation (1) into its matrix form as shown in equation (2):
Solving for I G and I L using equation (2), the relationship can be obtained as shown in equations (3) and (4).
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From equation (3), V G can be solved as depicted in equation (5):
Now, on substituting equation (5) in equation (4) and rearranging it, the load currents can be presented as a function of generators' current and load voltages as shown in equation (6):
Then, the total real and reactive power S L of all loads can be expressed as shown in equation (7):
where ( * ) stands for conjugate, Substituting equation (6) into equation (7) and solving for S L the relationship as shown in equation (8) can be found; (8), into components of generator dependent terms, the equation (10) derivations are used. A possible way to deduce load node voltages as a function of generator bus voltages is to apply superposition theorem. However, it requires replacing all load bus current injections into equivalent admittances in the circuit. Using a readily available load flow results, the equivalent shunt admittance Y Lj of load node j can be calculated using the equation (9):
S Lj is the load complex power on node j and V Lj is the bus load voltage on node j. After adding these equivalences to the diagonal entries of Y-bus matrix, equation (1) can be rewritten as in equation (10): Y is the modified Y. Next, adopting equation (10) and taking into account each generator one by one, the load bus voltages contributed by all generators can be expressed as in equation (11):
It is now, simple mathematical manipulation to obtain required relationship as a function of generators dependent terms. By substituting equation (11) into equation (8), the decomposed load real and reactive powers can be expressed as depicted in equation (12):
This equation shows that the real and reactive power of each load bus consists of two terms by individual generators. The first term relates directly to the generator's currents and the second term corresponds to their contribution to load voltages. With further simplification of equation (12), the real and reactive power contribution that load j acquires from generator i is as shown in equation (13):
where:
All procedures of the computation mentioned above can be demonstrated as a flowchart illustrated in Figure 1 . Vector S Lj is used as a target in the training process of the proposed ANN.
3. Test conducted on the practical 25-bus equivalent power system of south Malaysia region 3.1 Application of ANN to real and reactive power allocation method This section presents test conducted on the practical 25-bus equivalent power system of south Malaysia region. An ANN can be defined as a data processing system consisting of a large number of simple, highly interconnected processing elements (artificial neurons) in an architecture inspired by the structure of the cerebral cortex of the brain (Tsoukalas & Uhrig, 1997) . The processing elements consist of two parts. The first part simply sums the weighted inputs; the second part is effectively a nonlinear filter, usually called the activation function, through which the combined signal flow. These processing elements are usually organized into a sequence of layers or slabs with full or random connections between the layers. Neural network perform two major functions which are training (learning) and testing (recall). Testing occurs when a neural network globally processes the stimulus presented at its input buffer and creates a response at the output buffer. Testing is an integral part of the training process since a desired response to the network must be compared to the actual output to create an error function.
Start
Obtain load flow solution for the system to be studied
Partitions the system Y-bus matrix according to equation (2) Modify the diagonal elements of admittance matrix Y, to obtain Y'
End
Obtain load current as a function of the generators' current and load voltages with equation (6) Calculate the real and reactive power contribution to loads by individual generator using equations (12) and (13) Obtain the total real and reactive power S L of all loads using equations (7) and (8) Calculate the equivalent admittance of each load bus with equation (9) Obtain the load bus voltages contributed by all generators with equation (11) Fig. 1 . Flow chart of the proposed real and reactive power allocation method 3.1.1 Structure of the proposed neural network in real and reactive power allocation method In this work, 3 fully connected feedforward neural networks under MATLAB platform are utilized to obtain both real as well as reactive power transfer allocation results for the practical 25-bus equivalent power system of south Malaysia region as shown in Figure 2 . This system consists of 12 generators located at buses 14 to 25 respectively. They deliver power to 5 loads, through 37 lines located at buses 1, 2, 4, 5, and 6 respectively. All discussions on designing of each of these ANN below are for this 25-bus equivalent system. Each network corresponds to four numbers of generators in the test system and each consists of two hidden layers and a single output layer. This means that in the first network is associated with four numbers of generator located at buses 14 to 17. This realization is adopted for simplicity and to reduce the training time of the neural networks. The input samples for training is assembled using the daily load curve and performing load flow analysis for every hour of load demand. Again the load profile on hourly basis (Cheng, 1998 ) is utilized to produce 24 hours loads here also. Similarly the target vector for the training is obtained from the proposed method using MNE. Input data (D) for developed ANN contains independent variables such as real loads (P 1 , P 2 , P 4 to P 6 ) or reactive loads (Q 1 , Q 2 , Q 4 to Q 6 ) for real and reactive power transfer allocation respectively, bus voltage magnitude (V 1 to V 13 ) for both real as well as reactive power, real power (P line1 to P line37 ) or reactive power (Q line1 to Q line37 ) for line flows of real and reactive power transfer allocation respectively, and the target/output parameter (T) which is real or reactive power transfer between generators and loads placed at buses 1, 2, 4 to 6. This is considered as 20 outputs for both real as well as reactive power transfer allocation. Hence the networks have twenty output neurons. For the neural network 1, the first five neurons represent the contribution from generator 14 to the loads and the remaining outputs neurons correspond to the other three generators located at buses 15 to 17 respectively. Tables 1 and 2 summarize the description of inputs and outputs of the training data for each ANN for real and reactive power allocation respectively.
Input and Output (layer) Neurons
Description (in p. Table 2 . Description of inputs and outputs of the training data for each ANN for reactive power
Training
Neural networks are sensitive to the number of neurons in their hidden layer. Too few neurons in the hidden layer prevent it from correctly mapping inputs to outputs, while too many may impede generalization and increasing training time. Therefore number of hidden neurons is selected through experimentation to find the optimum number of neurons for a predefined minimum of mean square error in each training process. To take into account the nonlinear characteristic of input (D) and noting that the target values are either positive or negative, the suitable transfer function to be used in the hidden layer is a tan-sigmoid function. Non linear activation functions allow the network to learn nonlinear relationships between input and output vectors. Levenberg-Marquardt algorithm has been used for training the network. After the input and target for training data is created, next step is to divide the data (D and T) up into training, validation and test subsets. In this case 100 samples (60%) of data are used for the training and 34 samples (20%) of each data for validation and testing. Table 3 shows the numbers of samples for training, validation and test data for real and reactive power allocation respectively. Training  100  Validation  34  Testing  34   Table 3 . The number of samples for training, validation and test set
Data Types Number of Samples (Hour)
The error on the training set is driven to a very small value i.e. 3.5 × 10 -8 . If the calculated output error becomes much larger than acceptable, when a new data is presented to the trained network, then it can be said that the network has memorized the training samples, but it has not learned to generalize to new situations. Validation sets is used to avoid this overfitting problem. The test set provides an independent measure of how well the network can perform on data not used to train it. In real power allocation scheme, the performance of the training for the ANN with two hidden layers having different number of neurons i.e. 15 and 10 respectively is as shown in Figure 3 . From Figure 3 , it can also be seen that the training goal is achieved in 12 epochs with a mean square error of 8.897 × 10 -9 . For reactive power allocation scheme, the performance of the training for the ANN is also made with two hidden layers having different number of neurons i.e. 10 and 15 respectively as shown in Figure 4 . In this Figure 4 the training goal is achieved in 13 epochs with a mean square error of 9.50128 × 10 -9 . Note that the mean square error is not much different for both real as well as reactive power transfer allocation. This indicates that the developed ANN can allocate both real as well as reactive power transfer between generators and loads with almost similar accuracy.
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Pre-testing and simulation
After the networks have been trained, next step is to simulate the network. The entire sample data is used in pre testing. After simulation, the obtained result from the trained network is evaluated with a linear regression analysis. In real power allocation scheme, the regression analysis for the trained network that referred to contribution of generator at bus 15 to load at bus 1 is shown in Figure 5 . The correlation coefficient, (R) in this case is equal to one which indicates perfect correlation between MNE Method and output of the neural network. The best linear fit is indicated by a solid line whereas the perfect fit is indicated by the dashed line. Subsequently, similar results is obtained on regression analysis for reactive power allocation method for the trained network that referred to contribution of generator at bus 14 to load at bus 2 as shown in Figure 6 . 
Real power allocation results for 25-bus test system
At different loads, comparison of results of (Bialek, 1996) Method with the proposed method is as shown in Table 4 . It is observed that, the results of proposed method is very much comparable with (Bialek, 1996) Method. Due to the different approach the difference of allocation factor lies between the results of proposed method and (Bialek, 1996) Method occurred at each load buses 1, 2, and 4 to 6. This difference does not exist i.e. zero contribution in the (Bialek, 1996) . Method for about half count buses while the proposed method distribute allocation factor to all load buses. The other difference of the proposed method is due to the use of basic system nodal equations which minimize the simplifying assumptions such as the proportional sharing and lossless network as considered in Bialek's Method. From Table 4 , it can also be observed that the sum of the real power contributed by each generator is in conformity with the solved load flow. In this system, (Bialek, 1996) Method and the proposed method can compute the required relationship with similar computation time i.e. within 46 msec. Hence, it is proven that the proposed methodology provides reasonable and acceptable results to real power transfer allocation as compared to (Bialek, 1996) Method. Table 4 . Comparison of the real power distribution by each generator to load at buses 1, 2, 4 to 6 for the practical 25-bus equivalent power system
The proposed MNE Method has been simulated to reveal the accuracy of the developed ANN. The case scenario is that the real and reactive load is decreasing in 10% from the nominal trained pattern. Furthermore, it is also assumed that all generation is divided proportionally according to the load demands, to ensure that all real power generation of generator at buses 14 to 25 varies in respond to the daily load pattern of the loads at least by a small amount rather than to give the unbalance load only to the slack generator. Figure 13 shows the real power transfer allocation results due to generator located at bus 14 by the ANN output along with the result obtained through to proposed method for loads at buses 1, 2, and 4 to 6 within 168 hours.
www.intechopen.com Figure 13 , it can be observed that the developed ANN can allocate real power transfer between generators and load with very good accuracy, almost 100 %. In this simulation, ANN computes within 45 msec whereas the MNE Method takes 1314 msec for the same real power transfer allocation. Consequently, it can be concluded that the ANN is more efficient in terms of computation time. Moreover, the final allocation of real power to loads on hours twelve out of 168 hours using developed ANN is presented in Table 5 along with the result obtained through MNE Method. Note that the result obtained by the ANN output is comparable with the result of MNE Method. The difference of real power between generators in both methods is very small which is less than 0.0053 MW. Table 6 . Reactive power distribution of generators to loads for the 25-bus equivalent system A number of simulations have been carried out to demonstrate the accuracy of the developed ANN with the same 25-bus equivalent system of south Malaysia. The scenario is a decrement by 10% of the real and reactive load demand from the nominal trained pattern. Besides it also assumed that all generators also decrease their production proportionally according to this variation in the load demands. Figure 14 shows the reactive power transfer allocation result for generator located at bus 14 calculated by the ANN along with the result obtained through MNE Method for loads at buses 1, 2, and 4 to 6 within 168 hours. The pattern used for results is same as of real power allocation. From Figure 14 , it can be observed that the developed ANN can allocate reactive power transfer between generators and load with very good accuracy, almost 100%. In this simulation, ANN computes within 45 msec whereas the MNE Method took 908 msec for the calculation of same reactive power transfer allocation. Therefore it can be concluded that the ANN is more efficient in terms of computation time. From Table 7 , it can be noted that the result obtained by the ANN output in this thesis is compared well with the result of MNE Method.
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The difference of reactive power between generators in both methods is very small, which are less than 10 -3 MVAr. The consumer located at bus 4 consumed the highest demand compared to other consumers in this hour. Consequently, the contribution of reactive power due to generators 16, 17 and 19 located at the same bus provides more reactive power to load at bus 4 by both methods as well. For this reason the acquired result illustrates that the contribution of individual generators are mostly confined in their neighborhood.
Test conducted on the IEEE 118 bus system
The proposed methods have also been tested on IEEE 118 bus system. This system consists of 186 lines, 33 physical reactive power sources and 54 real power generators.
Application of RBFN in real and reactive power allocation method
One of the main purposes of this work is to incorporate RBFN into real and reactive power allocation method between generators and load. The structure of the proposed RBFN for each allocation scheme is discussed in the following sub-sections.
Real power allocation method
In this case study, RBFN with one hidden layer and one output layer has been chosen. The proposed allocation method is elaborated by designing an appropriate RBFN for the IEEE 118 bus system as shown in Figure 15 . This system consists of 54 generators located at selected buses which lies in between buses numbered as 1 to 118. They deliver power to 64 loads, through 186 branches located at selected buses which lies in between buses numbered as 1 to 118.
Fig. 15. Single line diagram for the IEEE 118 bus system
The input samples for training is assembled using the daily load curve and performing load flow analysis for every hour of load demand. Again the load profile on hourly basis (Cheng, 1998 ) is utilized to produce 24 hours loads here also. Similarly the target vector for the training is obtained from the proposed method using nodal equations. Input data (D) for developed ANN contains independent variables such as real power generation located at selected buses which lies in between buses numbered as (P g1 , to P g118 ), real loads located at selected buses which lies in between buses numbered as (P 2 to P 118 ), reactive loads located at selected buses which lies in (Q 2 to Q 118 ), average power for line flows (P line1 to P line186 ) and the target/output parameter, (T) which is real power transfer between generators and loads placed at selected buses which lies in between buses numbered as 2 to 118. This is considered as 3456 outputs and therefore the networks have three thousand, four hundred and fifty six output neurons. Each generator allocates to the sixty four output neurons which correspond to the loads located at selected buses which lies in between buses numbered as 2 to 118. For example, the first sixty four neurons (1-64) represent the contribution from generator at bus 1 to the sixty four loads, the second sixty four neurons (65-128) represent the contribution from generator at bus 4 to the sixty four loads and so on for generators located at selected buses which lies in between buses numbered as 1 to 118. Table 8 summarizes the description of inputs and outputs of the training data for the RBFN. Table 8 . Description of inputs and outputs of the training data for the RBFN
Input and Output (layer) Neurons

Reactive power allocation scheme
In this case study, structure and description of input and output of each RBFN is similar to those of the real power allocation scheme. Table 9 shows the details of inputs and outputs of the training data for the RBFN. Table 9 . Description of inputs and outputs of the training data for the RBFN
Input and Output (layer) Neurons
Unsupervised learning to choose the centers of training samples
The well-known k-means clustering algorithm is used to find a set of centers for the training samples. In k-means clustering, the number of desired centers (k), must be decided in advance. One simple way of choosing the value of k is to set it equal to a fraction of total training data samples. The k-means algorithm is as follows (Abdullah, 2008) :
Step 1: Assign the input data to random k sets.
Step 2: Compute the mean of each set.
Step 3: Reassign each point to a new set according to which is the nearest mean vector.
Step 4: Recomputed the mean of each set.
Step 5: Repeat steps 3 and 4 until there is no further change in the grouping of data points.
Step 6: The mean of the sets will be the RBFN center.
Training
After the input and target for training data is created, it can be made more efficient to scale (preprocess) the network inputs and targets so that they always fall within a specified range. In this case the minimum and maximum value of input and output vectors is used to scale them in the range of -1 and +1. Next step is to divide the input data and target data up into training. In this case 14 samples (60%) of data are used for the training as shown in Table 10 . ,6,11,16,21,3,8,13,18,23,5,10,15,20 The training of the RBFN consists of two separate stages. First step is to find the centers parameter by using the k-means clustering algorithm. Initially, the number of trials with different number of k keeping the β constant and vice versa is set. In both real and reactive power allocation scheme, the k is taken as 14 samples equal to number of hours and the β as 10, resulting in reasonable accuracy of the output of the RBFN with the target. For this k=14 and β =10, the computed training time i.e. 187 msec taken by the RBFN is same for both of the real and reactive power allocation scheme. Total number of the second layer weights influencing the individual output is, 14. Therefore, the minimum number of data set required to train the network is 14. In the second training stage, the second layer weights in connections between the hidden layer and the output layer are determined using the least squares based on minimization of quadratic errors of RBFN network output values over the set of training input-output vector pairs. At that stage, the weights in connections between the input layer and the hidden layer and the parameters of the radial basis functions of the hidden layer are already set as determined in the first training stage and are not subject to any further changes. During this training, the RBFN network is presented with individual input vectors from the set of training samples and responds with certain output vectors. These output vectors are compared with the target output vectors also given in the training set, and the individual weights are updated in a way ensuring a decrease of the difference between the actual and target output vectors. The individual input-output training pairs are presented to the RBFN network repeatedly until the error decreases to an acceptable level.
Data Types Samples (Hour)
Training 1
Pre-testing and simulation
In first step using MATLAB, the network is to be trained. In the second step involves simulating the network. The entire sample data is used in pre testing. After simulation, the obtained result from the trained network is evaluated with a linear regression analysis. The regression analysis for the trained network that referred to contribution of generator at bus 1 to load at bus 2 is shown in Figure 16 . The correlation coefficient, (R) in this case is equal to one which indicates perfect correlation between MNE Method and output of the neural network. The best linear fit is indicated by a solid line whereas the perfect fit is indicated by the dashed line. Moreover, performing regression analysis of reactive power allocation scheme for the trained network, similar results is obtained which refers to contribution of generator at bus 1 to load at bus 16 as shown in Figure 17 . 
Real power allocation results for IEEE 118 bus system
The case scenario is that increment by 10% of the real and reactive load demand from the nominal trained pattern. In addition it is also assumed that all generation is divided linearly according to the load demands. Figure 18 shows the real power transfer allocation result for generator located at bus 69 calculated by the RBFN along with the result obtained through to the MNE Method for loads at buses 41, 43, 44, 45, 47, 48, 53, 57, 58 and 79 within 24 hours. Results obtained from the RBFN are indicated with lines having circles, and the solid lines represent the output of the MNE Method. From Figure 18 , it can be observed that the developed RBFN can allocate real power transfer between generators and load with very Fig. 18 . Distribution of real power from generator at bus 69 to loads within 24 hours good accuracy, almost 100%. In this simulation, RBFN computes within 15 ms, whereas the MNE Method took 3000 ms for the calculation of same real power transfer allocation. For that reason it can be concluded that the RBFN is more efficient in terms of computation time. Moreover, the final allocation of real power to loads using proposed RBFN on hours 12 out of 24 hours is presented in Table 11 along with the result obtained through MNE Method. It can be noted that the result obtained by the proposed RBFN compares well with the result of MNE Method. The difference of real power between generators in both methods is too small i.e. less than 7.687 × 10 -4 MW. It is worth noting that the total contributions of each generator to loads are reasonable since it is less than its total production. For example, the total contribution of generator at bus 107 to all loads is 56.609 MW and this value does not exceed its generation i.e. 60MW. .044 -0.079927 -0.01767 -0.03514 -0.04149 -0.19599 -0.19864 -0.079927 -0.01767 -0.03514 -0.04150 -0.19607 -0.19855 261 -0.22153 -0.11404 -0.09094 -0.1002 -0.19487 -0.78481 -0.22151 -0.11404 -0.09099 -0.10018 -0.19497 -0.78503 Table 11 . Analysis of real power allocation for selected generators in the IEEE 118 bus system (cont.)
Reactive power allocation results for IEEE 118 bus system
For case scenario, the real and reactive load demand from the nominal trained pattern is increased by 10%. Figure 19 shows the reactive power transfer allocation result for generator located at bus 69 calculated by the RBFN along with the result obtained through to the MNE Method for loads at buses 2, 3, 11, 13, 14, 16, 17, 20, 21 and 22 within 24 hours. The pattern used for results is same as of real power allocation. From Figure 6 .7, it can be observed that the developed RBFN can allocate reactive power transfer between generators and load with very good accuracy, almost 100%. In this simulation, RBFN computes within 15ms, whereas the MNE Method took 2911ms for the calculation of same reactive power transfer allocation. As a result it can be concluded that the RBFN is more efficient in terms of computation time.
Furthermore, the final allocation of reactive power to loads at hour 12 using developed RBFN is presented in Table 12 along with the result obtained through MNE and found close match between their results. The difference of reactive power between generators in both methods is very small i.e. <0.0067Mvar. Table 12 . Analysis of reactive power allocation for selected generators in the IEEE 118 bus system (cont.)
Conclusion
The proposed real and reactive power allocation methods have been tested in this chapter for 25 bus and IEEE 118 bus systems. Table 13 shows the advantages and improvement in the computation time of the developed ANN and RBFN vs. MNE Method. In the 25 bus system, the developed ANN is compared with the MNE Method while for large system like IEEE 118, RBFN is compared with MNE because for large bus system ANN requires large number of networks and hence large computational time for training. It is observed that, as the number of buses increase (i.e. IEEE 118) the computational time in the MNE Method increases proportionally (i.e. for real power allocation is 3,000 msec and for reactive power is 2,911 msec) while for developed RBFN it remain almost same (i.e. for real power allocation is 15 msec and for reactive power is 15 msec) as shown in Table 13 .
